Recently, mobile applications have offered users the option to share their location information with friends. Using data from a major location-based social networking application in China (a Foursquare-like application), we estimate a structural model of restaurant discovery and observational learning. The unique feature of repeated customer visits in the data allows us to examine observational learning in both trial and repeat, and separate it from non-informational confounding mechanisms, such as normative conformity and homophily, using a novel test based on the structural model. The empirical evidence supports a strong observational learning effect and insignificant non-informational mechanisms. We also find that the moderating role of geographical locations on observational learning is critical in location-based social networks.
INTRODUCTION
The most famous example of observational learning is a sequential decision model in Banerjee (1992) and Bikhchandani, Hirshleifer, and Welch (1992) : People make their decisions on whether or not to dine at a restaurant by observing how many (anonymous) consumers are already in the restaurant. In current practice, however, more and more people tend to seek friends' recommendation on location-based social networking applications for decision-making (e.g., Foursquare, Facebook Place, or Google+). These applications allow users to share their location information, called check-ins, with friends through GPS-equipped mobile devices. The check-in information generated by people's social networks adds an important new dimension to prior models on observational learning. People can observe the choices made by their Foursquare or Facebook friends without having to physically visit the restaurants to observe behavior. As a result of these new technologies, a striking difference has arisen: In Banerjee's (1992) story, people arrive at the restaurants in a sequence, and they can observe and rationally interpret all the choices made by anonymous people before them; using location-based social networks, friends' check-ins are precisely recorded and "pushed" to users in real time. By knowing the identity and preference of the people who made the visits, users can potentially derive more value from the information.
Observational learning is an informational explanation of the correlated behavior among friends: An individual's decision is affected by the observation of friends' choices because of their informational content (Cai, Chen, and Fang 2009 ). The effect of observational learning is complicated by several plausible confounding mechanisms. The first mechanism is the normative conformity effect. People may want to behave like their friends because they want to conform (such as peer pressure). Asch's (1951) classical conformity experiments show that an individual's own opinions are influenced by those of a majority group. The second is the homophily-driven diffusion process described by Aral, Muchnik, and Sundararajan (2009): inherent similarities in friends' personal characteristics can also cause correlated friends' choices. Unlike observational learning, these two confounding mechanisms are non-informational mechanisms.
In the present study, we aim to tease out the observational learning effect from non-informational confounding mechanisms. We estimate a two-stage structural model of location-based social networks. In our context, the first stage-awareness-means that friends' check-ins lead some of the uninformed consumers to discover a new venue. The second stage-observational learning-refers to the fact that check-ins made by friends help users learn the quality of a venue. The intuition of identifying observational learning from other non-informational mechanisms is as follows (Zentall and Galef 1988 These findings suggest that in the presence of a location-based network, marketing strategies of local businesses should be contingent on social ties as well as location factors. Our observational learning interpretation provides a coherent explanation for the complex pattern of findings on the moderating roles of social and location factors, whereas homophily and conformity behavior do not.
LITERATURE REVIEW
A handful of empirical papers have examined the mechanism of observational learning. Duan, 
DATA
The dataset comes from a major location-based social networking application (a Foursquare-like application) in China. Users can check in at a venue to say that they are currently there (see Figure 1 ). It also lets them connect to their online friends; this function is equivalent to the concept of "friends" on Facebook. Users can observe their network friends' check-ins through the mobile application (see Figure 2 ).
[Insert Figure Table 1 summarizes the descriptive statistics of the location-based social network by users. It shows that, on average, each user has approximately four direct friends (the mean of the degree centrality is 4.375) and makes 36 check-ins during the sample period.
A STRUCTUAL MODEL OF LEARNING IN LOCATION-BASED NETWORKS
In this section, we develop and estimate a two-stage model of restaurant discovery and quality learning. The notations for the parameters can be found in Table 2 .
[Insert Table 2 Here]
A Two-Stage Structural Model of Restaurant Discovery and Quality Learning
Following Hendricks and Sorensen (2009), the probability that a consumer visits a venue is the product of two probabilities: the probability that she likes the venue conditional on discovering it and the probability that she discovers the venue. We outline the sequence of events in period t as follows (the process proceeds in a similar manner in period t + 1).
Stage 1: Some uninformed consumers become aware of a restaurant in period t. We specify the probability that an uninformed consumer discovers venue in period t, Pr = 1 , as follows: If the number of consumer 's friends' check-ins at restaurant j in period − 1 is zero, then the baseline awareness probability in period ,
A positive indicates that without a location-based social network, a consumer can still discover a new restaurant, for example, by searching on Yelp, TripAdvisor, and other sources of public information. If the number of consumer 's friends' check-ins at restaurant j in period − 1 is greater than zero, then the awareness probability in period , Pr = 1 = 1. If
Pr( = 1) = 1 , then Pr( = 1) = 1 , for = + 1, . . . , . We model the awareness process as a binary variable. As soon as a friend checks in, a notification is pushed and the focal user becomes aware of the restaurant.
Stage 2: Conditional on their being aware of the restaurant, consumers make a decision on whether to go to this restaurant. The utility function for consumer who has not visited restaurant j (her number of self check-ins at restaurant j up until period t -1 is zero) conditional on having learned the existence of venue is
where , is the total number of friends' check-ins at venue up until period t -1, and , is the total number of strangers' check-ins at venue up until period t -1. 4 The unobserved latent quality of restaurant j is . For simplicity, the conditional expected quality of restaurant j for consumer i is given by a linear functional form: 4 We also do a robustness check when The utility function for consumer who has already visited restaurant j (her number of self check-ins at restaurant j up until period t -1 is at least one) conditional on having learned the existence of venue is given by
where the parameter is the realized quality of the restaurant. It is worth noting the difference between realized quality and perceived quality . A consumer can know from public information sources, such as Yelp, before she visits the restaurant. A consumer updates her belief and knows the realized restaurant quality only after she visits the restaurant at least once. The realized quality can be identified by the sensitivity of focal consumers' visits to whether or not they have visited this restaurant before. If a consumer's self check-in can significantly increase her future probability of visiting the restaurant, we would expect that the realized quality is higher.
Identification of Observational Learning
We include However, if mainly captures the effect of observational learning, we would expect to observe > because when a consumer has visited a restaurant, she has a better idea about the realized quality , and she should rely less on her friends' check-ins to infer the true restaurant quality ( > ). It is worth noting that homophily may cause a potential endogeneity problem in the estimation, and we will discuss this in the next section. Conditional on discovering the venue, if the utility of visiting restaurant j in period t, , is greater than the reservation utility, consumer i will go to restaurant j in period t. The probability that consumer visits venue in period conditional on discovering it is given by Pr ≥ . The probability that a consumer visits a venue in period is the product of two probabilities: Pr = 1 ⋅ Pr ≥ . Without loss of generality, the reservation utility is normalized to zero. We construct the log likelihood function to estimate the empirical model: 
EMPIRICAL RESULTS

Main Results from the Structural Model
In this section, we present the empirical results estimated from equation (5) . learning model is that check-ins made by strangers can convey quality. However, our empirical results suggest that strangers' check-ins are not as important as friends' check-ins in determining the expected quality of restaurants. We modify equation (2) and control for observable centrality measures of users in the location-based social network as follows:
where is a 4 × 1 vector of user i's observable characteristics, including the degree centrality, closeness centrality, betweenness centrality, and individual clustering coefficient summarized in Table 1 . The estimation results are shown in column 2 of Table 3 .
[Insert Tables 3 and 4 Here]
Identification and Endogeneity
Identifying the causal observational learning effect from archival data is challenging. The main confounding mechanism discussed in the literature is homophily because it highlights Person C is not a friend of person A, and from our previous empirical results, we know that the focal user's check-in decision is not significantly influenced by strangers' check-ins. In this case, person C's check-in behavior can be thought as an exogenous variation that facilitates our identification. The estimation results are shown in column 1 of Table 4 . Although the value of has decreased, it is still statistically significant, which implies a robust effect of observational learning.
Important Factors Governing the Efficacy of Observational Learning
The Strength of Strong Ties The strand of research on social ties originates from the "strength of weak ties" hypothesis proposed by Granovetter (1973) . The gist of the hypothesis is that we always get truly new information from acquaintances, rather than from our close friends. However, when we consider observational learning in location-based social networks, our estimation shows the strength of strong ties: Strong ties are more likely to be activated for observational learning.
Note that in our study, we focus on the effect of tie strength on observational learning instead of on knowledge spillover. The strength of social ties between consumer i and her friend, consumer j, [Insert Table 5 Here]
We modify the structural model to investigate the role that tie strength plays in the process of observational learning. The awareness stage remains unchanged, and we focus on the observational learning stage. The equation (3) is modified to the following linear function: 
where , is the number of close friends' total repeated check-ins at venue up until time period t -1, and , is the number of ordinary friends' total repeated check-ins at venue up until period t -1. The parameter measures the observational learning effect of strong ties, and measures the observational learning effect of weak ties. Column 1 of Table 5 shows the estimation results of and . We find that is significantly greater than , indicating that strong ties can accelerate observational learning.
Location, Location, Location In our context, restaurants are horizontally differentiated by geographical locations. From a consumer's point of view, restaurants can be either in her familiar region or in her unfamiliar region. We expect that the magnitude of observation learning for a focal consumer is different when her friend checks in at a local restaurant in her familiar region or a non-local restaurant in her unfamiliar region. In this study, we define consumer i's familiar region in period t as the zip code region in which this consumer has the largest number of check-ins up until period t (Wang and Goh 2012). We modify equation (7) to add a location dimension to our observational learning model of social ties as follows: 
where , is a dummy variable that takes the value 1 if restaurant j is in consumer i's familiar region (i.e., local restaurant) in period t -1, and 0 otherwise. Once again, in column 2 of Table 5 , we find that the parameter is greater than . More interestingly, we also find that the parameter is significantly less than 0, and the parameter is not statistically different from 0. These estimation results show that the efficacy of observational learning crucially depends on social ties as well as the location dimension (see Figure 5 ): (1) The magnitude of observational learning from a close friends' check-in at a focal user's local restaurant is significantly less than that from a close friends' check-in at a focal user's non-local restaurant; and (2) the magnitude of observational learning from an ordinary friends' check-in at a focal user's local restaurant is similar to that from an ordinary friends' check-in at a focal user's non-local restaurant.
A possible explanation for our finding (1) is that the focal user can more easily get information of a local restaurant in her familiar region from offline word of mouth sources. Near its own location, a restaurant can display signs or distribute flyers. Therefore, a consumer has less quality uncertainty of local restaurants compared to that of non-local ones, and there is less of a need for her to rely on observational learning from close friends.
CONCLUSIONS AND LIMITATIONS
The present study has several limitations. Like Hinz et al. (2011), we assumed that the location-based social network remains fixed for the duration of our study. This assumption ignores the effects of dynamic network formation in real-world social networks. Second, the business model of location-based service relies on the active online sharing of check-ins. However, people who highly value privacy can be less willing to share their check-ins when they visit venues. 7 Studying the effect of privacy concerns on observational learning in social networks remains an open question. Third, we are collecting customer reviews of restaurants over time from a different online review website. As a future research direction, we will control for the effect of online word of mouth in our estimation. The effect of friends' check-ins before the focal user's fist visit The effect of friends' check-ins after the focal user's fist visit The effect of strangers' check-ins before the focal user's fist visit The effect of strangers' check-ins after the focal user's fist visit The baseline awareness probability The quality of the restaurant (cannot be observed by the focal user before the first visit) Restaurant heterogeneity (can be observed by the focal user before the first visit) The number of neighbor restaurants within 0.5km (restaurant density) Centrality measures of a consumer Whether a consumer is aware of the restaurant , The total number of friends' check-ins at venue up until period t -1
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